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Abstract

This work presents a knowledge acquisition method for fuzzy systems applied to
pattern recognition problems. An improvement to an earlier version of this
method (Evsukoff[3]) is proposed through the use of a clustering technique to
generate the fuzzy partitions of the input space. An adaptation of the Mountain-
Clustering method (Yager[12]) was applied and two different approaches of
clustering for generate the input fuzzy partitions have been developed. These
clustering approaches were used with the supervised learning algorithm and were
tested upon some classification problems found in the literature.

1 Introduction

The tasks of classification and pattern recognition have been widely
investigated and there are many works describing the most popular
techniques applied to this area (Blekas[1], Ishibuchi[5], Jang[6], Joshi[7],
Nauck[8], Quinlan[10], Ripley[11] and others). The problem of learning
from examples is present in all of them. This process can be done in a
supervised or unsupervised way.
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acquisition that generates a knowledge base in the form of zero-order
Sugeno rules from input data through a supervised learning algorithm.
The method (devoted to diagnosis problems) derived from the work
developed in Branco[2], where a heuristic knowledge acquisition from
domain experts was proposed. The method presented in Evsukoff]3] is an
extension of that proposed in Branco[2], where the uncertainty
propagation problem is solved by a decomposition schema. A unified
representation allows the knowledge to be elicited from experts or
learned from a database. The major drawback of that version of the
method was its dependency on the number of fuzzy sets in each fuzzy
partition and their parameterization.

Further research has been done to improve the -classification
performance of the method (Evsukoff[4]). The present work introduces
an extension of the method described in Evsukoff[3]: the fuzzy partitions
in input space are computed automatically by clustering, instead of being
defined by trial and error. A modification of the Mountain-Clustering
Method is proposed in two different approaches to the construction of the
input fuzzy partition. The first approach applies the clustering method to
each feature with respect to all classes at the same time. In the second
one, each pair feature-class is considered independently. The membership
functions generated by the clustering method are triangular and the
partitions are always normalized and strong.

The paper is organized as follows: section 2 presents a description of
the knowledge acquisition method introduced in Evsukoff[3]; in section
3, the Mountain-Clustering Method is briefly described; in section 4, the
two approaches to the application of the data clustering concept
investigated in this work are presented, as well as the modifications to the
Mountain-Clustering Method adopted in the analysis; section 5 presents
the results of the application of the learning algorithm in some
classification problems found in the literature; finally, section 6 presents
the conclusions and future work.

2 The Knowledge Acquisition Method

2.1 The Inference Mechanism

Many diagnosis problems can be seen as a pattern recognition problem,
when the diagnostics can be concluded from the values of some features.
The diagnostics are considered as classes. The set of all classes is noted
by C:{C,...Cx}. Each feature is denoted by a fuzzy partition. The set of
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feature fuzzy partition of n; fuzzy sets in the universe U, of the values x;.
For convenience, strong normalised fuzzy partitions are used. A fuzzy

partition A=(4,u4(&), of n fuzzy sets in the universe Q is said to be
normalised and strong if:

(vi)3E <Q)(uu(&)=1)
(V&)X u4(8)=1).
For given feature values x’={x,"...xx"}, the objective of the proposed
method is to construct a zero-order Sugeno rule base which can correctly
order the set of classes by their membership values.
The knowledge acquisition process (Branco[2]) consists in obtain, for
each feature X, a table of influences (Table 1) where lines are associated

to classes and columns are associated to fuzzy sets in the feature fuzzy
partition.

(M

Each element ¢,;€[0,1] in this table represents the influence degree of
the feature fuzzy set X; upon the occurrence of class Ci. We will
sometimes refer to this values as the matrix ®'. When expert knowledge
is available, the influence values can be elicited from an expert.
Otherwise, when a data set is available, they can be obtained by a
supervised learning algorithm. This work focuses on the supervised
learning algorithm way.

Table 1: Table of influences

X;
Xll “ee X‘ e Xin,-
Co L gy | = | o | = | o
Ci q’;;l ¢;(j w;m,-
Ck ok (ij q”Kn,-

From each feature table, a zero-order Sugeno rule base can be written
as:

If x; is X; then rj;=gj;, k=1.K )

where 74 is the output of the 7" rule relative to the i feature rule base
associated to the class Cy, given the input value x. It can be shown that
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feature.

If strong and normalized fuzzy partitions are used, the output 7; of
the rule base represented by eqn(2) is computed as:

M= 2 W 3)
Jj=L.n;
where w,=py,(x.’) is the fire strength of each rule eqn(2).

For an input x’={x,’...x)"}, the final output 7, for the class Cy in case
of conjunctive aggregation of the N features rule bases, can be computed
by:

m = [z (4)
i=1.N

This final output m after the aggregation of all features is the
membership of the input x° to the class C .

The final decision can be taken from the class membership by a
decision rule, as is usual in decision problems (Zimmermann[13]). The
simplest rule is the maximum rule which consists in choosing the class
with the greatest output value, as used in this work.

2.2 The Learning Algorithm

Consider now a training set composed by M correctly classified
examples. Each instance in the training set is represented by a couple
(xX"y"), where xX"={x,"...x\"} are the values of the N features and
y'={y,"...yK"} are the membership values of X" to each class.

For each feature, its fuzzy partition (with n; fuzzy sets) will define a
point in " (the hypercube of dimension n;) for each instance of the
training set. The points associated to the same class C will form a cluster
in 1" . If the examples represent correctly the distribution of class Cy in
the universe U, such a cluster can be associated to the class Cy..

The co-ordinates of the center of gravity of a cluster associated to a
class C, represent the frequency with which the feature fuzzy sets
influence the class C;. Thus, it is proposed to use such co-ordinates as the
point @;={@...¢m} which is the & line in the matrix @',

Each co-ordinate of the center of gravity of a cluster in /™ associated
to a class C, can be computed as the average of the co-ordinates of all
points in the cluster, weighted by the membership value of the class:

m m
Zwijyk

i meLM )
P ="~
¥ ZJ’k

m=1..M

226



@_ NheRss M’f’nﬁm"é)ci%mﬁdéﬁom%!@&tv&ﬁ§}éﬁé’6§l:/\jﬁ$@£%mmgr'éss.com, ISSN 1743-3517
A supervised learning algorithm was implemented from eqn(5) to
obtain the matrix given by Table 1.

3 The Mountain-Clustering Method

The Mountain-Clustering Method is a three step method: first, a
discretization of the space domain of the training data set is done to
generate the potential cluster centers; then, the mountain function is
constructed and finally, by an iterative process of destruction of the
mountain function, the cluster centers are generated.

Consider the training set of M points as described above. For each
feature X, the data to be clustered is the colection of points Ou(x/".yx"),
m=1..M, in the space X; x Y, where x,” is the input data (feature value)
and ;" is the output data (membership of the x” to the class Cy). The first
step in the mountain method is to form a discretization of the X; x Y
space by griding X; and Y with r; e r; lines, respectively. The lines does
not have to be necessarily equidistant. The intersections of these lines
form the set of potential clusters, denoted by P. An element in P is
denoted as P.(x.y;) to indicate the point obtained by the intersection of
the grid lines passing through x.and y;.

The second step is the construction of the mountain function, F:P—R,
which is defined on the set P of potential cluster centers by:

F(P) = Ze—(ad(l’a,Om)) (6)

m=1.M

where R is the set of real numbers, O,, is the m™ data point, (x/".yx"), o is
a positive constant, and d(P, O,) is a measure of distance between P
and O,, , typically the Euclidean distance.

In the third step, we generate the cluster centers by an iterative process
of revision of the mountain function. Starting with the revised mountain
function F, (consider the mountain function F as the revised
mountain function F}), the process is as follows:

a) Find F," = Maxy [Fy(Po)].

b) Designate p™ cluster center at P,,', the location of maximal node
found in a).

¢) Formulate revised mountain function, F.,, as

* = P‘s cl
F.(R)=F(P)-Fe™™™
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before.

The stop criterion to this process can be at step s with the estimation of
s cluster centers after next mountain peak Fy.;" becomes less than a given
stopping constant &:

Fu/ <38 (8)

The Mountain-Clustering Method was initially proposed as a
procedure to obtain the structure and initial estimates of the parameters of
the rule-base of a fuzzy system model, as described in Yager[12]. In this
work we just applied it to construct the fuzzy partitions of the features
(input) domains, as described in the next section.

4 The Application of the Clustering Technique

The major drawback of the method described in Evsukoff[3], was the
generation of the fuzzy partitions of the non-Boolean features domains. In
Evsukoff[3], the partitions were constructed by fuzzy sets defined
through triangular membership functions equally distributed over the
features domains. The number of fuzzy sets in the partition was the same
for all features and defined empirically by a trial and error process. These
restrictions to fuzzy partitions are of pragmatic nature and are not
inherent to the proposed method. They were assumed as a means to
generate the partition using a computationally simple process, as long as
the main focus of the work was the learning method itself.

In the present work, it is proposed and used an adaptation of the
Mountain-Clustering Method described above to generate the fuzzy
partitions in the input space. In Yager[12], the membership functions of
the fuzzy sets in the rules antecedents are assumed to be of Gaussian-
type. In this work it is assumed that the fuzzy sets are defined by
triangular membership functions and that the fuzzy partitions are always
normalized and strong.

Once the Mountain-Clustering Method has determined the cluster
centers, the projections of these centers on the input space are considered
as the centers of the triangular membership functions of the fuzzy sets in
the partition. Independently of the cluster centers found, we always
considered two fuzzy sets of the partition centered at the minimum and at
the supreme of the input domain. As an example, in Figure 1 it is shown
the partition constructed from three cluster centers (determined by the
Mountain-Clustering Method), whose projections on the input domain are
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supreme of the input domain, respectively.

Figure 1: Fuzzy partition generated by 3 cluster centers

The use of triangular functions instead of Gaussian functions required
an adaptation of the mountain function used in the method. In this work
we used the mountain function defined as:

F(P)=2% (1 - a(dPa On)) )
m=1.M
where d(P., O,) = | x~x" | is the absolute value of the difference xx;"
and the others symbols denote the same elements as before.

In the third step of the method, - the destroying of the mountain
function — the mountain function is revised as

Fpii(Pa) = Fy(Pa) = " x (1 - B (d(Py',Par))) (10)
where F,” is the value of the mountain function corresponding to cluster
Pp* just identified and the others symbols denote the same elements as
above.

In the following, two different approaches to the construction of a
classification system under this proposal are analyzed.

4.1 A Fuzzy Partition for each Feature

The Mountain-Clustering Method, with the modifications presented, is
used to generate the fuzzy partition of the domain of each non-Boolean
feature X;, considering as the data to be clustered the set of points
On(x" ™), m=1..M, k=1.K, y," #0.
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classes, what allows keeping all the characteristics of the method defined
in Evsukoff]3].

4.2 A Fuzzy Partition for each pair Feature-Class

The Mountain-Clustering Method, with the modifications presented, is
used to generate a fuzzy partition of the domain of each non-Boolean
feature, considering each class separately. Thus, for each non-Boolean
feature considered as an input variable, each class is viewed separately as
an output variable. For each feature-class pair, X;-Cy, the clustering
method is applied to the set of points O,(x"y"), m=1.M, y"0,
generating a different partition for each one.

So, in this approach, for the same feature X;, we have a different
partition of its domain for each class. This implies in a reformulation of
Table 1. Now, for each pair X;-C;, we have something like Table 2,
where the symbols denote the same as in Table 1:

Table 2: Influence degrees of feature X; over class C,.

X;
k k k
X5 X, Xm{‘
Cy ok ol ¢1;n"

From each feature table, a zero-order Sugeno rule base can be written

as:

ifx; is X,} then m/=gy, j=1.n/ (11)
where 7,/ is the output of the j™ rule relative to the i™ feature rule base
associated to the class Cy, given the input value x,” and X, is the fuzzy set
associated to the fuzzy partition of X; computed for the class Cy.

The output 7' of the rule base represented by eqn(11) is computed as
in eqn(3) and the final output 7 for the class Ci, in case of conjunctive
aggregation of the N features rule bases, for an input x’={x,’...x)’}, is still
computed by eqn(4).
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These two described approaches for clustering were applied to some of
the problems of the benchmark PROBENI! (Prechelt[9]) tested in
Evsukoff[3]. The minimal error rates obtained using the proposed
approaches are given in Table 3 in the second and third columns
corresponding to the descriptions in sections 4.1 and 4.2, respectively.
The fourth column presents the results obtained in Evsukoff[3]. The fifth
column presents the results of a multi-layer neural network training
(Prechelt[9]). The sixth column shows some results of the machine

learning algorithm C4.5 (Quinlan[10]), applied to the same data sets but
not in the format found in PROBENT.

Table 3: Results on classification examples

Method error rate (%)

Example 4.1 4.2 Ev97 ANN C4.5
cancerl 0.57 0.57 0.57 1.38

cancer2 229 2.87 3.45 477 5.69
cancer3 2.29 229 1.72 3.70

cardl 12.79 12.21 19.65 14.05

card?2 14.53 13.37 12.72 18.91 136
card3 15.11 14.53 17.34 18.84

diabetes1 22.40 21.87 22.92 24.10

diabetes2 18.23 18.23 20.31 26.42 26.9
diabetes3 21.35 19.79 21.88 22.59

glass 1 39.62 39.62 35.85 32.70

glass2 37.73 37.73 58.49 55.57 37.0
glass3 43.40 3773 | 43.40 58.40

heartcl 14.66 14.66 20.00 20.82

heartc2 6.67 533 10.67 513 226
heartc3 13.33 12.00 13.33 15.40

horsel 26.37 26.37 32.97 29.19

horse2 34.07 34.07 34.07 35.86 -
horse3 29.67 29.67 35.16 34.16
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In this paper, we proposed two approaches to construct the fuzzy
partitions of the input space in a fuzzy classification system using an
adaptation of the Mountain-Clustering Method.

The proposed approaches improved the performance of an earlier
version of the method, as can be observed in Table 3, especially in the
problems cardl, glass2, heartcl, heartc2, horsel and horse3. The
approach described in section 4.2 has achieved better results than that of
section 4.1, but only in a few problems.

Further work will be made in order to use these approaches in
conjunction with that presented in Evsukoff[4] and others membership
functions will be tested to construct the fuzzy partitions.
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